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INTRODUCTION
With the development of remote sensing technology, high spatial resolution remote sensing data have been more easily acquired and widely applied (Yuan and He, 2008) . High spatial resolution remote sensing images, such as SPOT5, ALOS, ZY-3, Worldview, IKONOS and Quick Bird, have been applied for urban planning, urban change detection, ecological environment monitor, etc. The traditional method of classification for high spatial resolution images has been proven to have several drawbacks, such as low classification accuracy, the derivation of very limited spatial information, and salt and pepper effects (Chen et al., 2012) . Therefore, novel and efficient analysis techniques are needed for processing and analyzing of high spatial resolution remote sensing images. Object-based image analysis processing images at the object level instead of the pixel level is very effective for high spatial resolution remote sensing image classification. Many studies have been done on classification of high spatial resolution remote sensing images. Chen et al. (2012) introduced a modified object-oriented classification algorithm integrating multi-characteristics of high spatial resolution remote sensing image. Salehi et al. (2012) developed a hierarchical rule-based object-based classification framework coupled with height points for complex urban environment classification. Tang and Wang (2012) proposed an innovative approach for urban landuse and land-cover classification using marker-controlled watershed segmentation in the Vegetation-Impervious SurfaceSoil feature space. Brink and Eva (2011) analyzed the potential of TM and ETM data for land cover change detection. Zhang and Zhu (2011) put forward a knowledge-rule-based classification method for high spatial resolution remote sensing images combining the spectral, texture and shape features together. Although some improved algorithms can increase the classification accuracy by making use of spectral and textural information, the classification results still cannot satisfy all actual needs. High spatial resolution remote sensing images contain more spatial information, and have increased the detail at which earth observations can be made. High spatial resolution remote sensing data often contain two types of images, those with a single panchromatic band and those with four multispectral bands . For example, ALOS images have a panchromatic band with a resolution of 2.5 m and four multispectral bands with a resolution of 10 m. However, the high spatial resolution remote sensing images have less multispectral bands than low or medium spatial resolution remote sensing images. Take the TM images for example, TM images have six multispectral bands with a resolution of 30 m and one thermal infrared band with a resolution of 60 m. The low or medium spatial resolution remote sensing images contain more spectral information than high spatial resolution remote sensing data. In order to improve the accuracy of high spatial resolution remote sensing image classification, additional information should be incorporated into the classification process. This paper proposed a method of object-based land cover classification for high spatial resolution ALOS images combining the spectral information mapped from TM images. First, the high spatial resolution ALOS panchromatic image was segmented by multi-scale segmentation method. Second, the spectral features of segmented regions were extracted from multi-spectral ALOS image and TM image by spatial mapping mechanism. Third, the regions were classified by SVM classifier. The object-based SVM classification only applying on high spatial resolution ALOS images was used for comparison and the experimental results show that the classification method for high spatial resolution remote sensing images combining the TM spectral information based on the spatial mapping mechanism can make use of both high spatial resolution remote sensing image spatial information and low or medium resolution remote sensing image spectral information and can improve classification accuracy.
METHODOLOGY
The proposed method has three major steps. This section details the multi-scale image segmentation, the spectral feature extraction of segmented regions based on spatial mapping mechanism and Support Vector Machine classification. A flow chart of the proposed classification method is shown in Fig. 1 . 
Multi-scale Image Segmentation
The first step in the proposed method is the segmentation of panchromatic image. Image segmentation is an important part of image interpretation, especially for high spatial resolution remote sensing images (Zheng et al., 2013) . High spatial resolution remote sensing images contain more information of ground objects, and show great diversity of them. The purpose of segmentation is to divide an image into homogeneous regions. In this paper, the region-based multi-resolution segmentation method available in eCogniton software was used. The segmentation process is controlled by the scale, shape and compactness parameters specified by users. For this study, the most suitable parameters for high spatial resolution ALOS panchromatic images were determined by experimenting and users' subjective assessment.
Region Spectral Feature Extraction
The second step in the proposed method is the spectral feature extraction of segmented regions. The regional spectral vector is calculated by the mean spectral vector of pixels contained in each region. The spectral vector of each pixel in a panchromatic image is obtained from ALOS and TM multispectral images by a spatial mapping mechanism. The high spatial resolution remote sensing images have more spatial information. The low or medium resolution remote sensing images have more spectral information. In order to make full use of the information of both high and medium or low spatial resolution remote sensing image, image fusion is widely used to integrate the two together. The fusion algorithm merges the high resolution panchromatic and low resolution multispectral imagery to create an enhanced high resolution multispectral image. Then, the fused image is used in subsequent applications. Therefore, the fused image is an estimation which may cause spectral distortion and affect the accuracy of classification results . The effect of fusion directly determines the accuracy of subsequent applications. In the proposed classification method, the pixel spatial relationship between high and low spatial resolution remote sensing images was fully considered. The low spatial resolution multispectral pixels were mapped to the segmentation results of high spatial resolution remote sensing images based on the spatial mapping mechanism. Taking a resolution ratio of 1:4 for example. One pixel in the high spatial resolution image corresponds to sixteen pixels in the low spatial resolution image. For example, if a pixel has position ( , ) . The () Int function rounds a number to the nearest integer.
Support Vector Machine Classification
There are many image classification algorithms for remote sensing images. Each algorithm has its unique advantages and weaknesses. Support Vector Machine (SVM) is a supervised non-parametric statistical learning technique and widely used in classification of remote sensing images (Mountrakis et al., 2011) . SVM is well at solving non-linear, high dimensional and limited training samples (Mountrakis et al., 2011) . The SVM classifier with Gaussian radial basis function (RBF) kernel was applied in this paper. The optimal parameters C (parameter that controls the amount of penalty during the SVM optimization) and γ (parameter that describes the spread of the RBF kernel) were chosen by fivefold cross validation (Chang and Lin, 2011) . LIBSVM library is used to implement the SVM classification algorithm (Chang and Lin, 2011) .
EXPERIMENT RESULTS AND ANALYSIS
To evaluate the performance of the proposed method, two subsets of ALOS and TM images were used in a series of experiments and comparative analyses. To analyze the advantages of the proposed method for high spatial resolution remote sensing image classification, object-based SVM only on high spatial resolution ALOS fusion images was used for comparison. The panchromatic and multispectral images were fused by the PANSHARP method in PCI software. The regional spectral vector is calculated by the mean spectral vector of pixels contained in each region from high spatial resolution ALOS fusion images. To assess classification accuracy, confusion matrices are obtained by selecting points with stratified random sampling. The reference classification images were generated through a precise manual interpretation on fusion images. The producer, user and overall classification accuracies are calculated from the confusion matrix. ALOS images have a panchromatic band with a resolution of 2.5 m and four multispectral bands with a resolution of 10 m. TM images have six multispectral bands with a resolution of 30 m. In the first dataset, the size of ALOS multispectral image is 300×300, whereas that of the panchromatic image is 1200×1200. And the size of TM multispectral image is 100×100. The original images of ALOS and TM are shown in Fig. 2 .The results of classification are shown in Fig. 3 . Table 1 shows the producer, user and overall classification accuracies for the first ALOS and TM dataset classification. In the second dataset, the size of ALOS multispectral image is 900×900, whereas that of the panchromatic image is 3600×3600. And the size of TM multispectral image is 300×300. The original images of ALOS and TM are shown in Fig. 4 .The results of classification are shown in Fig. 5 . Table 2 shows the producer, user and overall classification accuracies for the second ALOS and TM dataset classification. Table 2 . Producer, user and overall classification accuracies for the second dataset By comparing the accuracies of the classification results, the proposed object-based method combining TM spectral information based on a spatial mapping mechanism can be seen to obtain better classification results than object-based SVM only using high spatial resolution remote sensing images . Table  1 and 2 show that the overall accuracies of the proposed method are higher than object-based SVM only using high spatial resolution remote sensing images. According to the experimental results, the proposed classification method combing TM spectral information based on a spatial mapping mechanism can obtain higher accuracy than the object-based SVM only using high spatial resolution remote sensing images. The proposed method can make full use of both the spatial information in high and the spectral information in low spatial resolution remote sensing images. In this paper, only spectral features in the images were applied to the classification process. Further work is required to integrate the textural and shape features of high spatial remote sensing images.
CONCLUSIONS
A new object-based high spatial resolution remote sensing image classification method combining the TM spectral information has been presented in this paper, in which the spectral information of low spatial resolution remote sensing images was integrated by a spatial mapping mechanism. Furthermore, the proposed method was applied on raw remote sensing data instead of fusion images. Experimental results have demonstrated that the proposed method can make full use of the information in both high and low spatial resolution remote sensing images and obtain higher final classification accuracy.
